Supplementary Figure legends
Supplementary Figure 1 : Unreliability of the supervised method on GSE19830 in the presence of uncertainties in measured subpopulation proportions 2 . The constituent proportions were randomly perturbed with ±0.05~0.3 or one of the ten mixtures was replaced with arbitrary constituent proportions. If the proportion is less than 0, it is set to 0. After perturbation, each row sum of the mixing matrix was normalized to 1. (a-c) The estimated liver/brain/lungspecific expression profiles were compared with the ground truth using correlation coefficients estimated over all genes, where the constituent proportions were randomly perturbed with ±0.05~0.3. The experiment was repeated 100 times to reflect true performance with each perturbation rate. (d-f) The estimated liver/brain/lung-specific expression profiles are compared with ground truth using correlation coefficient over marker genes, where the constituent proportions are randomly perturbed with ±0.05~0.3; and to reflect the true performance, under each perturbation rate, the experiment is repeated 100 times. (g-i) Boxplot of the correlation coefficients between the estimated liver/brain/lung-specific expression profiles and ground truth over all genes, where one of the ten mixtures is replaced with arbitrary constituent proportions and the experiment is repeated 500 times. (j-l) The Boxplots of correlation coefficients between the estimated liver/brain/lung-specific expression profiles and ground truth over marker genes, where one of the ten mixtures is replaced with arbitrary constituent proportions and the experiment is repeated 500 times.
Supplementary Figure 2:
Unreliability of supervised method on GSE19380 in the presence of uncertainties in selected a priori marker genes/signatures 3 . The proportion estimates using the marker genes are compared with the ground truth using correlation coefficient anlaysis. (a) The reference signatures (expression levels of marker genes) are perturbed with ±1~50% variations, (b) Two of the marker genes are replaced with arbitrary genes. The experiment was repeated 1000 times to generate a histogram of the correlation coefficients between the proportion estimates and ground truth.
Supplementary Figure 3: CAM validation on GSE11058
4 -subpopulation-specific profiles. Scatter plots of the measured (by cell sorting) and estimated (by CAM) subpopulation-specific gene expression profiles for the four source subpopulations. The phase-specific time-course patterns generated by the marker genes selected by Spellman et al. 5 .
Supplementary Figure 6:
CAM validation on GSE19830 2 -MDL curve for detecting the number of sources (e.g., subpopulations) and blindly uncovered subpopulation-specific expression profiles. The mixtures were obtained from biologically mixed expression profiles of the three (3) 
Supplementary Table legends
Supplementary Despite being completely unsupervised method, CAM even slightly outperformed the supervised method that requires known reference marker gene signatures to operate.
Supplementary Table 4:
Correct assessment using marker genes versus misleading assessment when using all genes -on GSE11058. (a) The correlation coefficients between the expression profiles of different pure cell lines, when assessed using all genes (including many invariantly expressed or house-keeping genes), are significantly high -this is clearly misleading. (b) The correlation coefficients between the expression profiles of different pure cell lines, when assessed using only marker genes, are significantly low -this correctly reflects the signature differences among different cell lines. (c) The high correlation coefficients between the measured and estimated (by CAM) expression profiles associated with the four pure cell lines, when assessed over all genes, are as expected. (d) The high correlation coefficients between the measured and estimated (by supervised method) expression profiles associated with the four pure cell lines, when assessed over all genes, are expected. (e) The retained high correlation coefficients between the measured and estimated (by CAM) expression profiles associated with the four pure cell lines, when assessed over only true marker genes, reflect truly CAM's ability to blindly detect marker genes and accurately deconvolute mixed expression profiles into subpopulation-specific expression profiles. (f) The retained high correlation coefficients between the measured and estimated (by supervised method) expression profiles associated with the four pure cell lines, when assessed using only true marker genes, are expected. Table 5 : CAM Marker Gene Enrichment Analysis on cell cycle data by DAVID. 187 phase-specific markers genes are blindly detected by CAM, and the functional enrichment analysis on these marker genes is done using the DAVID knowledge base. 
Supplementary

Supplementary Table 6: CAM validation on original dataset GSE19830
2 . The mixtures were obtained from biologically mixed expression profiles.
Supplementary Table 7:
A priori marker gene list used by Kuhn et al. 3 on GSE19380. 
Supplementary Method
Mathematical modelling of transcriptional heterogeneity identifies novel markers and subpopulations in complex tissues
Since a1 ,…, aK are linearly independent, it follows that
that in turn implies that ∀k
i.e., ak can only be a trivial convex combination of ak's. Again, by the definition of a convex set, ak's are therefore the vertices of the convex set (K). 
Theorem 1 (Unsupervised identifiability
Conversely, for any
, we have 
that then implies
Together with Lemma 1, this readily completes the proof of Theorem 1.
Data preprocessing.
To obtain a reliable set of marker gene indices, some pre-processing steps are required, including normalization and removal of minimally-expressed and outlier genes.
Normalizing gene expression data by global mean/mode is one of the simplest normalization methods 4 . It is performed based on the histogram mean/mode of the raw measured gene expression profile associated with a sample [4] [5] [6] so that all the samples have the same mean/mode in signal intensity. Other normalization methods, such as PLIER, RMA and MAS5 on Affymetrix, or lumi Bioconductor package on Illumina can also be used to process the raw expression data. If log-transformed signals were used in normalization, they should be converted back to the raw measured values via anti-log transformation [7] [8] [9] . Only raw measured expression values can be used under a linear/additive latent variable model 7-9 and our CAM approach adopts the same strategy.
When the number of heterogeneous samples is large, dimension reduction method is required to reduce the sample dimension. In CAM package, we apply principal component analysis (PCA) to computing eigenvalues and eigenvectors of mixed expression matrix X.
Users can also choose other methods to reduce sample dimension before performing CAM.
One simple approach is to randomly select K+ samples for CAM, although this method cannot take advantage of all information from the complete sample set. Alternatively, one can group all samples into sample clusters, and use the sample cluster centers as pseudo samples to perform CAM. Other strategies, such as Nonnegative matrix factorization (NMF) or random projection can also be used to reduce the sample dimension. Detecting the number of subpopulations by MDL. MDL calculates the total number of 'bits' that are required to encode/explain both the 'data' and 'model' 12, 13 . When the model is given (or estimated), only the information about 'mismatch' between model and data needs to be explained (or encoded). The first term (negative joint likelihood) in the MDL determines exactly the 'bits' needed to explain the 'data' conditioned on the given model. The second and third terms represent the 'penalty' on the model complexity, i.e., the total number of bits used to explain the model. Each of these terms involves two multiplicative factors: the number of free-adjustable parameters and the original data points used to estimate the parameters (or the original data points the parameters can and are used to 'explain').
Aggregation
Specifically, when estimating the mixing matrix (i.e., the column vectors ak's) that is parameterized by (K-1)J independent entries, we use some form of vector-average operation (i.e., However, sample 8 is claimed to be of poor quality by the authors of Kuhn et al. 8 , and accordingly samples 18, 20, 22 and 24, as well as microglia subpopulations, were removed from further analysis.
CAM analysis on GSE11058. Adopting the same procedure as in Abbas et al. 14 , we use MAS 5.0 to perform data normalization without logarithm transformation of the data, ensuring a valid linear latent variable model 9 . As aforementioned, probe sets with small norms are easy to be contaminated by noise and those with very large norms may be outliers. Thus, in our analysis, we remove the probe sets with small norms and very large norms, and leaving approximately 13,000 probe sets for further analysis.
To test whether the pure subpopulation expression profiles are dependent, we calculate the cross-correlation coefficients between different sources. We can see from Supplementary Table S4a that even among different pure subpopulations the expression values are highly correlated when assessed using all genes. This should be expected because most genes are not differentially expressed. In contrast, when assessed using only the marker genes reported in Supplementary Table S4b , the cross-correlation is very low, reflecting the 'independency' among different subpopulations.
To assess whether the performance of our unsupervised method CAM is comparable to that achieved by the supervised methods, we compare the results obtained using CAM (without using any form of a priori information, Supplementary Fig. S3 ) and the results obtained using correct supervised information. From Supplementary Tables S4e and S4f , we can see that CAM not only performs comparably with supervised method and can modestly outperforms these methods.
